Water distribution networks are considered as the most important entity in the urban infrastructure system and need huge investment for construction. The inherent problem associated with cost optimisation in the design of water distribution networks is due to the nonlinear relationship between flow and head loss and availability of the discrete nature of pipe sizes. In the last few decades, many researchers focused on several stochastic methods of optimisation algorithms. The present paper is focused on the Differential Evolution algorithm (henceforth referred to as DE) and utilises a similar concept as the genetic algorithm to achieve a goal of optimisation of the specified objective function. A simulation-optimisation model is developed in which the optimization is done by DE. Four well-known benchmark networks were taken for application of the DE algorithm to optimise pipe size and rehabilitation of the water distribution network. The findings of the present study reveal that DE is a good alternative to the genetic algorithm and other heuristic approaches for optimal sizing of water distribution pipes.
INTRODUCTION
The water distribution system is one of the major requirements in urban and regional economic development. For any agency dealing with the design of the water distribution network, an economic design will be an objective. The funds needed for the construction, maintenance and operation of these systems require the achievement of a good compromise between technical and economic aspects. Several methods are available to design a water distribution network in which rule of thumb and trial and error are the most popular methods. With the development of high speed digital computers and improved optimisation techniques, the design of water distribution networks was attempted since the 1970s. The complexity of the problem is due to the nonlinear relationship between flow and head loss, the presence of discrete decision variables such as pipe diameter, cost functions for the materials, labour, geographical layout, multiple demand loading patterns, uncertainty in demands, and location of tanks, pumping stations, booster pumps, valves, etc. Numerous works were reported in the literature for optimal design and some of them considered certain reliability aspects too. In optimisation models, continuous diameters (Pitchai 1966; Jacoby 1968; Varma et al. 1997 ) and split pipes (Alperovits & Shamir 1977; Quindry et al. 1979; Goulter et al. 1986; Fujiwara et al. 1987; Kessler & Shamir 1989; Bhave & Sonak 1992 ) were more prominently used. Conversion of continuous diameter to the nearest commercial size after optimisation does not guarantee the true optimal solution. Also use of a split pipe length with different diameters for a link is very uncommon in practice. The last two decades witnessed a growing interest in adapting evolution-based algorithms, which overcome such a problem. A straightforward approach to the solution of such a problem would be the enumeration of all possible solutions and choosing the best one. Unfortunately, in most cases, such an approach becomes rapidly infeasible because of the exponential growth of possible solutions with the increase in the number of variables. Moreover the design of a water distribution system is a combinatorial problem, which generally possesses greater numbers of local optima.
Hence, deep insight into the problem structure and understanding of specific characteristics of the problem permits the heuristic and meta-heuristic algorithm to explore the solution in less computational time, but unfortunately resulting in an enormous computational burden due to the relatively large number of hydraulic simulations. Several attempts were made by researchers to reduce the number of hydraulic simulations and for easy handling of discrete variables. Application of the genetic algorithm (Dandy et al. 1996; Savic & Walters 1997; Vairavamoorthy & Ali 2000 , the modified genetic algorithm (Montesinos et al. 1999; Neelakantan & Suribabu 2005; Kadu et al. 2008) , the simulated annealing algorithm (Cunha & Sousa 1999) , the shuffled leapfrog algorithm 
OPTIMISATION MODEL
The problem of optimal design of the water distribution network usually has an objective of minimising the total capital cost. For a given layout, details like demand and elevation of the node, tank size and its bottom level are assumed as known variables. The objective is to find a combination of different sizes of pipe that gives the minimum cost subjected to the following constraints.
Continuity of flow in each node must be maintained in the network. The continuity principle states that the quantity of flow into the node must be equal to the quantity of flow leaving that node. The quantity of flow leaving the node includes the external demand and flow passes out through other pipes emerging from the node. Mathematically it is expressed as
where Q ¼ pipe flow; ND n ¼ demand at node n;
in, n ¼ set of pipes entering to the node n; out, n ¼ set of pipes emerging from node n and NN ¼ node set.
The total head loss around the closed path (loop)
should be equal to zero or the head loss along a path between the two fixed head nodes should be equal to the difference in elevation:
where hf i ¼ head loss due to friction in pipe i; NL ¼ loop set; DH ¼ difference between nodal heads at both ends and The pressure head in all nodes should be greater than the prescribed minimum pressure head:
Figure 3 | Layout of example network 1 (two-loop network). The diameter of the pipes should be available from a set of commercial sizes:
DIFFERENTIAL EVOLUTION (DE) ALGORITHM Storn & Price (1995) introduced the DEA, which basically resembles the structure of an evolutionary algorithm and differs in terms of the way in which mutation and crossover operators are applied to generate new candidate solutions from standard evolutionary algorithms. a new solution vector called a noisy vector. Now the crossover operation is performed between the noisy vector and target vector (from the population) to get a trial vector.
Finally, the trial vector is compared with its target vector and the better one is passed to the next generation.
The above-mentioned process gets repeated until the number of newly generated candidate solutions fills up the next generation. Figure 1 shows the steps involved in the differential evolution algorithm. It is to be noted that the randomly selected vectors should be distinctive from each other. It is interesting to note that DE does not use any selection mechanism as in GA; instead the lowest cost solution vector (in the case of the minimization problem) either from the trial vector or its parent target vector is allowed to advance to the next generation.
DE operates on a population P (G) of generation G that contains n pop candidate solutions (individuals).
The position matrix of the population of generation G can be represented as The initial population P (0) for the DE is created arbitrarily: From the first generation onwards, the population (new vectors) of the subsequent generation P (Gþ1) is generated by the combination of vectors randomly chosen from the current population by mutation. The noisy vector is then mixed with the predetermined target vector.
The population of 'trial' vectors P (Gþ1) is generated as follows (mutation and recombination):
where
The weighting factor F is a user-defined mutation constant within the range [0 to 1]. C r is a user-defined The population of the next generation P ðGþ1Þ is selected as follows: 
APPLICATION
In the present study, a combined simulation -optimisation model is developed and used. The optimisation model is an outer driven whereas the simulation is an inner driven one. The computer programming code was written for DE using Visual Basic and EPANET (Rossman 2000) is linked via the EPANET Toolkit. The complete programme performs a hydraulic network analysis at each function evaluation to determine the pressure head at the nodes.
The algorithm is applied to four well-known networks.
A penalty value will be added to the solution vector that violates pressure at the node and it will be taken as the cost of the network forming links with maximum pipe size.
The implementation strategy of DE for optimal design of the water distribution network is presented in Figure 2 .
It can be seen from Figure 2 that all the initial solution vectors consist of discrete pipe sizes. In the DE process, these discrete sizes will be converted to continuous The average number of function evaluations corresponding to the least cost is determined as 4,750. In the evaluation process, one of the trials having a weighting factor of 0.6 and crossover constant of 0.5 has provided an optimal solution of 419,000 units at the expense of 1,320 function evaluations. The optimal diameters for links 1 -8 are found Figure 4 shows an evolution process for a two-loop network corresponding to the least number of function evaluations obtained in the trial runs.
Example 2 (Hanoi network)
The second test network ( Figure 5 ) is a three-loop water distribution network of the Hanoi city water distribution system, which consists of thirty-two nodes, thirty-four pipes and a reservoir. The input data for this problem is given in Fujiwara & Khang (1990) and is presented in Tables 4 and 5. The design of this network is restricted to selecting six different diameter pipes assumed to be commercially available ( Table 5) and restricting the maximum generation to 1,000, 50 trial runs are performed for ten different combinations of constants and it is observed that most of the time, the least cost solution is obtained within the first five trial runs for each combination of constants. It is to be noted from Table 6 that, out of 50 trials, 41 times a least cost of $6,081,087 is obtained. The computational times taken for the maximum of 10,000 and 100,000 function evaluations are 6 and 52 s, respectively. The average number of function evaluations is determined as 6,244 and 48,724 for population sizes of 20 and 100, respectively. This clearly shows that population size plays a vital role in obtaining the optimal solution with a certain degree of confidence. From the trial runs, one run provides a least cost at the expense of 3,540 function evaluations and corresponding mutation and crossover constants are 0.6 and 0.4, respectively. Figure 6 shows the evolution process for the Hanoi network corresponding to the least function evaluations obtained in the trial runs. The results obtained using DE and those previously reported in the literature are shown in Table 7 .
The obtained solution cost is higher than the cost reported in the notable literature (Savic & Walter 1997; Cunha & Sousa 1999; Vairavamoorthy & Ali 2005) . This variation in the cost of the solutions is due to the use of different a values. Table 8 shows the optimal diameter and the nodal Table 13 shows the pipe costs and available diameters. Three demand patterns (including two fire loading cases) and the associated minimum pressure heads are given in Table 14 . By changing DE parameters, 300 trial runs are performed with a population size of times out of 300 trial runs. Table 15 shows the results of trial runs. From the trial runs, one trial provides a least cost at the expense of 916 function evaluations and corresponding mutation and crossover constants are 0.7 and 0.4, respectively. The CPU time taken for 10,000 function evaluations is 2 s. Table 16 provides the optimal solution obtained using the DE algorithm and those reported in the literature. Table   17 shows the comparative picture of expected and actual pressure head for three demand patterns. From the results of the benchmark networks, it is evident that DE can be one of the promising algorithms for optimal sizing and rehabilitation of water distribution networks.
CONCLUSION
The present paper has focused on the application of the DE algorithm for optimal design and rehabilitation of existing water distribution networks. The optimal network design is computationally complex and they generally belong to a group of NP-hard problems. In the present research 
